In this work, we perform a systematic search for high-efficiency, three-dimensional (3D) and two-dimensional (2D) thermoelectric materials by combining semiclassical transport techniques with density functional theory (DFT) calculations. Out of 30000 three-dimensional and 900 two-dimensional materials currently in the publicly available JARVIS-DFT database, we identify 698 3D and 148 2D promising thermoelectric materials using a multi-steps screening procedure, where specific thresholds are chosen for key quantities like bandgaps, Seebeck coefficients, power factors and zT factors. We computed the Seebeck coefficients for all the materials currently in the database and validated our calculations comparing our results, for a subset of materials, to experimental and existing computational datasets. We also investigate the effect of chemical, structural, crystallographic and dimensionality trends on thermoelectric performance. We predict several classes of efficient 3D and 2D materials such as Ba(MgX)2 (X=P,As,Bi), X2YZ6 (X=K,Rb, Y=Pd,Pt, Z=Cl,Br), K2PtX2(X=S,Se), NbCu3X4 (X=S,Se,Te), Sr2XYO6 (X=Ta, Zn, Y=Ga, Mo), TaCu3X4 (X=S, Se,Te), and XYN (X=Ti, Zr, Y=Cl, Br).
Introduction:
Thermoelectrics 1-4 are materials that can convert a temperature gradient into electric voltage, or vice-versa. The search for efficient thermoelectric materials is an area of intense research due the potential of converting waste heat into electrical power, and therefore improving energy efficiency and reducing fossil fuel usage. The figure of merit for thermoelectric materials is the dimensionless quantity zT:
where S, , ke, kl, and T are the Seebeck-coefficient, electrical conductivity, electronic part of thermal conductivity, lattice thermal conductivity, and temperature, respectively. The numerator, 2 , is referred to as the power-factor. To achieve a high zT, a material needs a high-power factor and low thermal conductivity. Experimental synthesis and characterization are ultimately the critical step to prove the usefulness of a thermoelectric material; however, experiments are costly and time-consuming, and the list of potential thermoelectrics is very large. Computational methods based on first principles density functional theory (DFT) can be very useful in the initial screening process, as well as in interpreting experimental results. DFT [5] [6] [7] [8] has successfully predicted the Seebeck coefficients and power factors for various classes of bulk materials. Chen et al. 5 show a reasonably strong comparison (r 2 =0.79) between the maximum Seebeck-coefficient determined from DFT and experiment. There has also been a series of high-throughput computational searches for bulk/three dimensional (3D) thermoelectrics, including searches by Garrity 9 , Chen et al. 5 , Gorai et al. 10 and Ricci et al 11 . Additionally, there has been a huge upsurge in research on monolayer/twodimensional (2D) materials due to their promising high Seebeck coefficients and low thermal conductivities [12] [13] [14] [15] [16] . Despite the above research, a systematic, combined database that allows for the comparison of bulk and monolayer thermoelectric properties is still lacking. In addition, such a systematic database of thermoelectric properties is necessary to develop machine learning models for predicting the thermoelectric properties of new materials, which would circumvent the high computational cost of additional DFT calculations and potentially guide materials discovery.
In this work, first, we present a high-throughput DFT database of bulk and monolayer thermoelectric properties. All of the data and tools are provided at the JARVIS-DFT website. The JARVIS-DFT database contains about 30000 bulk and 900 low-dimensional materials with their DFT-computed structural, energetics 17 , elastic 18 , optoelectronic 19 and topological-spillage 20 properties. Using this database, we highlight a few novel 3D-bulk materials and 2D-monolayer materials that we predict have good thermoelectric properties. We also investigate correlations of thermoelectric properties with chemistry and structure of materials. Finally, we develop highly accurate machine learning models for quickly identifying efficient thermoelectric materials.
Methods:
The DFT calculations were carried out using Vienna Ab-initio simulation package (VASP) 21, 22 software using the workflow given on our github page (https://github.com/usnistgov/jarvis ).
Please note commercial software is identified to specify procedures. Such identification does not imply recommendation by the National Institute of Standards and Technology. We use OptB88vdW functional 23 , which gives accurate lattice parameters for both vdW and non-vdW (3D-bulk) solids 17 . In this work, a material is termed as low-dimensional if it contains vdWbonding in one (2D-bulk), two (1D-bulk), and three (0D-bulk) crystallographic directions. Details of the our low-dimensional material database can be found in Ref. 17, 18 . A monolayer/2D-material is simulated with broken periodicity in z-direction with a vacuum padding of at least 18 Å. The transport properties were calculated using the Boltzmann transport equation implemented in the BoltzTrap code 24 , which uses constant relaxation time approximation (CRTA) and the rigid bandapproximation (RBA). In CRTA, the relaxation time cancels out for Seebeck coefficients, but for electrical conductivity, we choose a value of 10 -14 s as the relaxation time 25 . The relaxation time can depend on both intrinsic factors like electron-phonon coupling and extrinsic factors like the presence of defects. The RBA assumes that the shape of density of states does not change by doping or increasing the operation temperature. This methodology has been shown to work well for both bulk [12] [13] [14] [15] [16] and monolayer 26 materials. We converge the k-points and plane wave cut-off in DFT-calculations for all the materials in our database using energy convergence criteria 27 of 0.001 eV. For calculating zT-factor we assume the lattice part of thermal conductivity as 1.0 W/mK.
Note that for some metallic and low-bandgap materials it is difficult to converge the BolztTrap calculations, hence their transport values are not reported. The machine-learning models were trained using gradient boosting decision trees (GBDT) 28, 29 and classical force-field inspired descriptors (CFID) descriptors 30 . The CFID gives a unique representation of a material using structural (such as radial, angle and dihedral distributions), chemical, and charge descriptors.
Using the DFT thermoelectric data, we train classification machine learning models to identify whether a material has Seebeck-coefficient less than -100 μV/K for n-type and more than 100 μV/K for p-type, n and p-power factor more than 1000 μW/(mK) 2 and n, p-type zT more than 0.8 at 600 K and 10 20 /cm 3 doping using gradient boosting decision tree (GBDT) 28, 29 algorithm. The CFID has been recently used to develop several high-accuracy ML models for material properties such as formation energies, bandgaps, refractive index, bulk and shear modulus and exfoliation energies 30 .
Results and discussion:
We use BoltzTrap code for all the 30000 bulk and 900 monolayer materials in our database predicting doping-type, doping-concentration and temperature dependent Seebeck coefficients, conductivities, power factors, electronic part of thermal conductivities, and zT factor with 1.0 as lattice thermal conductivity. The Boltztrap code also calculates other transport properties such as Hall coefficients, but we focus mainly on transport properties. To validate our computational methodology, we compare our Seebeck results for a subset of 14 materials from JARVIS-DFT (JV) data to experiments and found a mean absolute deviation (MAD) of 54.7 μV/K (r 2 =0.94). The details of this comparison are shown in the supplementary information. Next, we compare our Seebeck-coefficient to DFT results from another database (the Materials-Project (MP) 11 ), to ascertain how much a specific choice of DFT parameters (exchange-correlation functional, kpoints density and energy cutoff) affects such a quantity. In this comparison we used 9434 compounds from MP and JV for n-type Seebeck coefficient, 600K and 10 20 /cm 3 doping. We obtained a MAD of 18.8 μV/K (r 2 =0.87), signifying that, the DFT data for Seebeck coefficient are closer to each other than to the experimental results irrespective of DFT settings. We attribute the differences between the MP and JV datasets to the fact that MP uses the GGA-PBE 31 functional as well as fixed k-points and cutoffs for their DFT calculations, while JV uses OptB88vdW functional and automatic convergence procedure-based k-points and cutoffs, which we expect to provide improved results for some materials. More details/data on the DFT comparisons are also provided in the supplementary information.
After computing the Seebeck-coefficient for all the materials in the database, we concentrate on developing a screening schema to identify high-efficiency materials. The thermoelectric performance of a material depends on several quantities, most notably, temperature, doping type, and doping concentration. We chose to concentrate on temperatures of 600 K and 10 20 /cm 3 doping, which represent a typical thermoelectric operating temperature and a doping level that is achievable for many semiconductors. Data for other choices are available online (https://www.ctcms.nist.gov/~knc6/JVASP.html). As the thermoelectric materials are generally semiconducting or insulating materials, we first screen for materials with non-zero bandgap, which narrows the search set from 30000 down to 9950 materials. We present an overview of the database in the Fig. 1 . The n and p-type Seebeck coefficients are generally negative and positive values, respectively, with a maximum absolute value of 600 μV/K, as shown in Fig. 1a and 1d . Although a high Seebeck-coefficient is necessary for a highly efficient thermoelectric, there is typically a significant tradeoff between S and , necessitating a more careful analysis 9 . The power factor as shown in Fig 1b and 1e distributions encompasses the influence of both S and . Experimentally known high-efficiency thermoelectrics have power factors of more than 1000 μW/(mK) 2 .
To complete an evaluation of zT, we need the lattice thermal conductivity; unfortunately, it is too computationally expensive to calculate systematically. Instead, we make an optimistic estimate of zT by assigning each material a lattice thermal conductivity as 1.0 W/(mKs), which we combine with the electronic thermal conductivity from BoltzTrap to provide an upper estimate of zT. As shown in Fig 1 c) and f), for n-and p-type materials, respectively, even given our optimistic assumption, zT is less than 1.0 in most materials. The next step in the screening procedure was to select only materials with n-type power factor at 600 K and 10 20 /cm 3 larger than 1000 μW/(mK) 2 , which gave us 6781 high-performance materials. Further screening with multiple thresholds for the Seebeck coefficient (|S| >100 μV/K), and zT (zT > 0.8), suggested 698 potential thermoelectric materials.
As the last step in our investigation, we studied the set of selected materials in terms of various chemical and physical attributes. To begin with, we classified their dimensionality, which is determined by lattice-constant and data-mining approaches 17 . We find that 19.7 % of the highly efficient thermoelectric are low-dimensional in nature (as shown in Fig. 1g ), i.e. vdW-bonded, while the rest are completely 3D. Next, we find that these materials tend to be highly symmetric, as cubic and trigonal symmetry materials are over-represented (as shown in Fig. 1h ). We also observe that power-factors of high-Seebeck-coefficient materials could be also because of the competition between electric conductivity and Seebeck-coefficient as shown in the Fig. 1i . The list of all the materials in the database with their thermoelectric properties as well as the ones identified using the screening procedure mentioned above is given in the supplementary information. Lastly, out of the 698 candidates, the screening process found well-known thermoelectrics, such as Bi2Te3, 
Fig. 1 A brief overview of the thermoelectric data for periodic bulk materials. Figure a) -f) have being computed on all 3D materials, while g-i) display properties only computed on the set of bulk potential thermoelectric materials. a) n-type Seebeck coefficient distribution, b) n-type power factor of materials, c) n-type zT factor assuming lattice thermal conductivity as 1 W/mK, d) p-type
Seebeck coefficient distribution, e) p-type power factor of materials, f) p-type zT factor assuming lattice thermal conductivity as 1 W/mK for all the materials in the database at 600 K and 10 20 /cm 3 carrier concentration, g) predicted dimensionality distribution of screened materials (bandgap>0.05, n-type <-100 & p-type>100, n-type & p-type PF>1000, n-&p-type zT>0.8), h) space-group distribution, i) power-factor vs Seebeck distribution of the screened materials.
In Fig. 2 , we show the likelihood that a compound containing a given element has a high-power
factor. More specifically, for every compound containing a given element, we calculate the percentage-probability of those materials that have an n-power-factor greater than 1000 μW/(mK) 2 . We find that many of the alkaline earth metals, early transition metals, Pd, Pt, Cu, Ag and chalcogenides were found to contribute towards highly efficient materials, which is again consistent with previously known thermoelectric materials 1-4 such as Bi2Te3, SnSe, GeTe, Mg2Si, PtSe2. For example, 298 out of 587 Se-containing compounds in our database has power-factor greater than equal to 1000 μW/(mK) 2 so, the percentage is 50.77%. Such periodic table trends can help guide new materials searches or doping strategies that may result in improved thermoelectrics. Fig. 2 Periodic table trends of high-power factor materials. The elements in a material were voted 1 or 0 if the material has high or low power-factor (>1000). Then the probability of finding the element in a high power-factor material was calculated.
The screening process described and analyzed up to this point was applied exclusively to bulk materials. Next, we apply a similar procedure to monolayer 2D materials.
vdW-bonded materials (2D-bulk) can be exfoliated to produce 2D-monolayers, which have shown promise in thermoelectric applications [12] [13] [14] [15] [16] . The exfoliability of a 2D-bulk material is depends on its exfoliation energy, as described in detail in Ref. 17 . In order to find exfoliable high-efficiency 2D monolayers, we select materials in our database which meet the following criteria: a) exfoliation energy < 200 meV/atom, b) bandgap>0.0 and c) monolayer-n-type Seebeck-coefficient <-100 µV/K. In order to compare the thermoelectric properties of monolayer and bulk structures, it is necessary to express the doping and conductivity quantities in a way that does not depend on the arbitrary vacuum thickness of a monolayer simulation cell. To achieve this, we rescaled the volume of the monolayers using the thickness of a 2D-layer. Using this screening procedure, we identified 148 promising 2D monolayers among 900 materials. As seen in Fig. 3a, comparing 2D and 3D Seebeck coefficients, we see that monolayers tend to have smaller absolute Seebeck coefficients than their bulk counterparts. This shows that interlayer coupling is important to thermoelectric behavior, and that 2D thermoelectric properties can't be exactly obtained from their bulk counterpart. Nevertheless, the Spearmen's correlation between the bulk and monolayer Seebeck coefficients is 0.711 while the Pearson's correlation is 0.721, as shown in Table 2 and S2, suggesting noteworthy correlation. We also investigated the correlation between 3D and monolayer density of states (DOS) at the Fermi level, for 600 K and 10 20 /cm 3 doping, as well as the correlation for the effective mass. Both results are given in Table 2 and S2. We find a strong correlation between bulk and monolayer effective masses (0.80), and an even stronger correlation (0.90) between bulk and monolayer DOS at the Fermi level, suggesting the Seebeck-coefficient is more difficult to predict. A lower Spearman's correlation of 0.43 was reported for bulk systems Seebeck-coefficient and DOS by Garrity et al. 9 . Kumar et al. 13 also showed similar correlations for monolayer and bulk WSe2, using DFT calculations.
Some of the high-efficiency 2D-monolayer materials that we find are: AuBr (JVASP-27756), SnSe The unit cell and phonon dispersion curve of ZrBrN are shown in Fig. 3b and 3c . We see that while the structure is dynamically stable (all positive frequency modes), there are low-frequency phonon modes which extend across the Brillioun zone, which are responsible for the strongly anharmonic behavior in this system. to be high-performance if its Seebeck coefficient is less than -100 μV/K for n-type, or more than 100 μV/K for p-type, and if its n-and p-power factor is more than 1000 μW/(mK) 2 and, lastly, if its n-and p-type zT is more than 0.8 at 600 K and 10 20 /cm 3 doping. The ROC curve plots the prediction rate for high-performance materials, correctly versus incorrectly predicted. A value of 0.5 implies random guessing, while a value of 1.0 implies a perfect model. We achieve very high accuracy for most of the models, with the model for p-type Seebeck being the best one as it corresponds to the highest value of 0.94. We obtain more the 0.8 AUC for most of the ML models, signifying excellent prediction accuracies. We can apply these models to arbitrary materials to quickly pre-screen efficient thermoelectric materials, which would become the subject of the next set of DFT calculations. We followed a similar procedure to identify semiconducting 2D materials in our previous work 30 and successfully discovered several 2D materials. Clearly, the screening process can be much accelerated using machine learning models as a first step. All these models are provided on the web (https://www.ctcms.nist.gov/jarvisml/) for predicting thermoelectric performance of new compounds.
Fig. 4 Classification receiver operation characteristic curves (ROC) with true positive rate (TPR)
and false positive rate (FPR) for thermoelectric properties.
Conclusions:
In summary, we use semiclassical transport methods based on density functional theory calculations to evaluate the thermoelectric properties of both bulk (3D) and monolayer (2D) materials. In addition to identifying interesting candidate materials, we also show chemical, crystallographic and compositional trends for the whole dataset. We screen 2D materials and evaluate trends between the thermoelectric performance of bulk and monolayer geometries. We identify several compositional classes with high thermoelectric performance. We predict ultra-low 
